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Abstract: Gait analysis is an important part of assessments for a variety of health conditions, specifi-
cally neurodegenerative diseases. Currently, most methods for gait assessment are based on manual
scoring of certain tasks or restrictive technologies. We present an unobtrusive sensor system based on
light detection and ranging sensor technology for use in home-like environments. In our evaluation,
we compared six different gait parameters, based on recordings from 25 different people performing
eight different walks each, resulting in 200 unique measurements. We compared the proposed sensor
system against two state-of-the art technologies, a pressure mat and a set of inertial measurement
unit sensors. In addition to test usability and long-term measurement, multi-hour recordings were
conducted. Our evaluation showed very high correlation (r > 0.95) with the gold standards across all
assessed gait parameters except for cycle time (r = 0.91). Similarly, the coefficient of determination
was high (R2 > 0.9) for all gait parameters except cycle time. The highest correlation was achieved
for stride length and velocity (r ≥ 0.98, R2 ≥ 0.95). Furthermore, the multi-hour recordings did not
show the systematic drift of measurements over time. Overall, the unobtrusive gait measurement
system allows for contactless, highly accurate long- and short-term assessments of gait in home-like
environments.
Keywords: gait analysis; gait abnormalities; contactless sensors; LiDAR; home-based measurements;
health monitoring
1. Introduction
Around one third of community-dwelling older adults are affected by gait abnormali-
ties [1], which are associated with a variety of conditions that are commonly related to a
reduction in quality of life. Respective conditions include, but are not limited to, neurologi-
cal diseases such as Parkinson’s disease, Alzheimer’s disease and multiple sclerosis [2–4].
Commonly measured gait parameters are gait velocity, step length and cadence, which
often serve as diagnostic and prognostic variables in medical assessments [4–8]. Most of
the well-established clinical gait assessments are based on a set of predetermined tasks,
which are manually scored by medical professionals. Prominent examples are: the timed
Up and Go test (TUG) [9], the Berg Balance Scale (BBS) [10] and and the Functional Gait
Assessment (FGA) [11]).
However, in recent years, technology-supported gait assessments have been gaining
interest. There are several advantages of technology-supported measurements over tra-
ditional assessments. Most importantly, automated-technology-assisted assessments can
improve the repeatability and objectiveness of assessments, thus significantly reducing
inter-rater variability, which may eventually lead to more appropriate treatment or disease
management options.
Among current gold standards to assess gait are pressure mats or walkways [12,13].
They are contactless and unobtrusive; however, they are restrictive in their use, in that
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they only allow for straight walks [14], require a physical installation and there is a small
but non-zero risk of tripping. Currently, pressure mats are dominantly used in clinical
settings under the supervision of medical professionals [15,16]. Another way to assess gait
parameters is via motion analysis on the basis of motion capturing systems [17]. While they
allow for high accuracy and high levels of detail concerning positions of body parts [18],
they require the placement of visual trackers on the measured person’s body, as well as
a large setup system, including multiple cameras [19]. Thus, both walkways and motion
capturing systems are only suitable for measurements in clinical settings or other controlled
environments. A less restrictive option are wearable sensors [20] for gait tracking [21,22].
Besides the usually short (less than a day) state of the art gait assessment in clinical
settings, the need for long-term measurements has become more apparent. Its validity has
been shown in multiple studies where long-term measurements have been implemented in
various settings using ambient, object and wearable sensors [23,24]. Long-term measure-
ments and monitoring allows people to stay in their own homes for longer before being
admitted to an assisted living facility [25,26] or provide support for the personnel at as-
sisted living facilities [27]. Long-term measurements assessed by sensor technology allows
for the continuous evaluation of gait parameters over days and weeks, or for repeated
measurements at higher frequencies.
An important point regarding why measurements at home are so important was
made by Van Ancum et al. [28]. They showed that the velocity of natural gait, observed
in everyday life, often follows bimodal distributions, one mode for slow and short walks,
one mode for fast walk. In contrast, gait velocities obtained from measurements in clinical
settings are not well represented by either of the two modes. Monitoring in everyday life
also allows for screening of rare but critical events. A prominent example is falls, which
occur in around 30% of the population over the age of 60 [29], and freezing of gait (FoG),
a gait abnormality occurring in Parkinson’s disease (PD) patients [30]. Overall, knowing
about these events, how often they happen, how they happen and what they look like
can help improve the diagnostics, therapies and general knowledge about the underlying
disorders [31–33]. For these reasons, clinical studies are increasingly including long-term
measurements of gait, where people are measured over weeks and months to capture as
many critical events as possible [34–38].
Another important aspect of gait assessment is the ease of use. While wearable sensors
nowadays are small and lightweight, they can still impose a burden on the measured
person, as they need to be worn and charged regularly. This burden can range from small
issues, such as style disagreements or the stigmata of visible sensor wearing, up to more
severe problems, such as skin irritations due to excessive sweating or bio compatibility [39].
Furthermore, people with, e.g., dementia or similar diseases might not remember to put on
the wearable, lose them or actively get rid of them [32]. A contactless system is more or
less immune to such issues.
Therefore, there is a strong need for a contactless system that is able to monitor gait
over extended periods of time in a natural environment (e.g., at home), without putting a
burden on the monitored people.
A promising technology is light detection and ranging (LiDAR) sensors. This tech-
nology has been used for object tracking in a variety of applications such as self-driving
cars or geology [40,41]. This laser-based radar technology is both contactless and can cover
whole rooms without restricting movement patterns to a fixed zone, and should be able to
track multiple people accurately in a natural environment [42]. Galai et al. used a rotating
multibeam (RMB) lidar to track and identify multiple people in a natural environment as
well as to identify activities [43,44]. LiDAR sensors were used to track gait parameters in
multiple studies [45–48]. Gait velocity, step and stride length, cadence and step width
were the most commonly measured gait parameters. These past gait-related research
projects have a commonality in that the LiDAR-based measurements were performed in a
clinical setting, comparable to the setting where gait analysis is performed with a pressure
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mat. This is opposed to recommendations by Van Ancum et al., where performing gait
assessment in home-like environments was suggested [28].
In this work, we introduce a new LiDAR-based contactless sensor system suitable
for long-term measurements in everyday living settings in home-like environments. Our
hypothesis is that with this proposed contactless system, it is possible to obtain highly
competitive results with regard to gait parameter estimation in both home-like conditions
as well as in controlled walking scenarios, showing that such systems may be a promis-
ing unobtrusive approach towards continuous gait parameter monitoring in free-living
conditions.
2. Materials and Methods
2.1. Subjects
The study was approved by the Ethics Committee of the Canton of Bern, Switzerland
(KEK-Nr. 406/16) and conducted in accordance with the latest version of the Declaration
of Helsinki. The obtained data may be shared upon request, but is not publicly available
due to local Swiss data regulations. The inclusion criteria for study participants were:
(1) aged between 18 and 65; (2) the absence of a walking impairment affecting activities of
daily living.
The appropriate number of participants was estimated beforehand, based on the planned
number of different walks, the desired significance level α = 0.01, power 1− β = 0.99 and the
effect size. The minimum number of different walks is seven; they are described in more
detail in Section 2.4. We considered the two legs separately, resulting in 2 · 7 · N sample
points, with N being the number of participants. The effect size of the difference between
our LiDAR-based system and any system currently already in use must not be higher than
the effect size of the differences of the measured gait parameters between healthy control
and people suffering from gait issues. Reference effect sizes were based on findings in
the literature, both for PD and fall risk assessment [7,8,49,50]. An effect size of 0.3 was
set for this study. The calculations for the necessary sample size were carried out using
G*Power [51], and a minimum number of N = 20 participants was calculated.
Both the experimental setup and the study purpose were described to the participants,
and informed consent was obtained prior to participation. The study was conducted in
a home-like instrumented apartment, the NeuroTec Loft [52] at the Swiss Institute for
Translational and Entrepreneurial Medicine. In Figure 1, the layout of the living room and
kitchen of the apartment is depicted.
This cross-sectional study was conducted over a period of three weeks. Every partici-
pant partook once in the experiment.
2.2. Sensors Used to Measure Gait
Pressure-sensitive mat:A pressure-sensitive mat (GAITRite R©, USA [14]) was used as
a reference system (gold standard) [53,54]. The GAITRite R© model Platinum Plus Classic
had an active length of 610 cm and analysis was performed with the GAITRite R© software
version 4.89F. The built-in metronome was used as an auditory cue to control walking
cadence. The grey electronic-hiding cells on the side of the mat provided visual cues to
control step length. The mat was installed in the living room of the apartment (see Figure 1).
Gait parameters obtained from the pressure mat and used for evaluation were the step
length, step time, stride length, cycle time, overall cadence and mean velocity.
Inertial Measurement Unit (IMU): A pair of validated IMU sensors (Physilog R©5, Gait
Up, Switzerland [20]) was used as a second reference system. One sensor was attached to
each foot and measured acceleration and orientation data with a sampling rate of 128 Hz.
The Gait Up LAB software (Gait Up, Switzerland) version 1.0.1 was used to perform the
gait analysis. In order to ensure uniform sensor attachment, slippers of appropriate size
were provided to the participants. Gait parameters obtained from the wearable sensors and
used for evaluation were step length, stride length and cycle time. Additionally, this device
provides left and right leg velocity and left and right leg cadence. These gait parameters
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Figure 1. Schematic view of the living room and kitchen areas with the shin-tracking sensors (red), upper-body-tracking
sensor (blue), marker for the u-turn walk (green), and pressure-sensitive mat (light red). All distance measurements are in
meters (m). Sensor position 1 for shin-tracking is on the left on a pillar, sensor position 2 is in the middle on a side-board.
Sensor position 3 is to the right on a pillar.
LiDAR system: Four LiDARs (UST-10LX-H01 and UST-20LX-H01, Hokuyo, Japan)
were installed in the living room (see Figure 1) of the Neurotec Loft.
LiDAR sensors use time-of-flight technology to measure distances using an infrared
laser that rotates continuously around a mechanical axis. The LiDAR sensors used in this
study scanned with a 40 Hz rate, acquiring 2162 points per turn. Every turn covered a 270◦
window, leading to an angular resolution of 0.125◦. Assuming a leg with a diameter of
10 cm, at a distance of 1 m from the LiDAR, around 45 sample points would cover the leg.
At a distance of 10 m from the lidar, four to five points would still cover the leg.
All four LiDARs were connected to a local subnet using the ethernet protocol, automat-
ically transmitting the data. The three UST-20LX-H01 sensors were positioned at a height of
25 cm to track both legs at shin height. An additional UST-10LX-H01 sensor was positioned
at a height of 125 cm to track the upper body. The shin height was defined as approximately
half the mean sitting knee height of 53.5 cm reported in [55] and is well-above the mean
foot clearance height of 2 cm (SD 1 cm) reported in [56]. The height of the sensor placement
is also in accordance with similar studies, where the LiDAR sensors were placed between
20 cm to 40 cm height [45–48]. The upper-body height was chosen so as to be above most
of the furniture in the NeuroTec Loft, hence providing a direct line of sight throughout the
room. A custom-made software acquired and analyzed the data.
2.3. Gait Parameters
The parameters chosen for evaluation were based on two criteria. First, their relevance
in the evaluation of pathological gait behavior, and second, their current availability in
clinical evaluations. For the first point, relevant gait parameters were evaluated based
on quantitative assessment in previous studies. In Table 1, a selection of publications of
relevant gait parameters for fall risk assessment, as well as PD assessment, are listed. All
these parameters are provided by the pressure mat chosen for the gait evaluation [14], thus
fulfilling the second criteria, too.
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Table 1. Chosen gait parameters and evidence for quantitative relevance in clinical evaluations.
Fall Risk PD
Step length [7] [49]
Step time [7] -
Stride length [7,57,58] [8,49,50,59]




After the instructions and having given informed consent, the participants put on
slippers with the wearable sensors attached to them. Afterwards, participants were asked
to perform a set of different walks. For seven of the eight walks, the participants had to
walk straight along the pressure mat. For the eighth walk, the u-turn walk, the participants
had to walk around the marker in the room and back to their starting location. In Figure 1,
the marker is highlighted by a green triangle. The chosen walks were adapted from the
Canadian Consortium on Neurodegeneration in Aging (CCNA) gait assessment tool [61],
including walking at a self-chosen speed, fast-paced gait and dual-task gait, i.e., walking
while performing a cognitively demanding task. For all eight walks, the starting position
was the same at the left side end of the pressure mat. An overview of all the different walks
is given in Table 2. In order to guarantee that the participants understood the experiment,
they were able to do a test run prior to each walk.
Table 2. Eight different walking patterns performed by the participants. Four walks were performed
without fixed step length of time. For the other four walks, floor-markings and a metronome were
used to control step length and walking speed.
Velocity Step Length Defining Characteristics
Free walk - - Self-chosen pace and step length
Cognitive walk - - Cognitive exercise while walking
Cowboy walk - - Extra wide cowboy-like steps
30/100 100 bpm 30 cm Fixed step length and velocity
30/120 120 bpm 30 cm Fixed step length and velocity
60/60 60 bpm 60 cm Fixed step length and velocity
60/120 120 bpm 60 cm Fixed step length and velocity
U-turn - - Self-paced walk around a marker
For the first three walks, the participants were able to choose their own preferred
walking speed and step length. For the first walk, there were no restrictions on the
participants’ walking behavior, speed or step length, and thus it was a completely free walk
in line with other gait assessment studies [45–48]. During the second walk, the participants
had to perform mental calculations while walking. They were asked to count down from
100 in steps of 7. For the third walk, the participants were asked to walk with an extra
wide step width, mimicking a cowboy-walk. Due to the extra wide stance, this walk was
deemed to be simpler to measure. It was included in the task to provide a different stepping
pattern, in order to test the limitations of our LiDAR-based sensor system. For the next
four walks, a metronome was used to indicate the step timing. Marks on the floor were
used to indicate step length. A short step length and slower gait velocity are more common
in elderly people [62] and are an important indicator for fall risk assessment [6]. Thus,
testing shorter steps with two different velocities was added to the protocol and in the
fourth and fifth conditions, participants were asked to do 30 cm long steps at a cadence of
100 steps/min and 120 steps/min, respectively. In the sixth and seventh conditions, the step
length was constrained to 60 cm, with a cadence of 100 steps/min and 60 steps/min. A
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longer step length was chosen, while the step velocity was further reduced to cover different
conditions. For the last walk, a marker was placed in the middle of the room, near the couch.
In Figure 1, it is highlighted with a green triangle. The participants were instructed to walk
around this marker and back to the starting position. The speed and step length were not
restricted. This walk was specifically added to test unrestricted walking in a large part of
the living room, including obstacles (e.g., chairs, table).
2.5. Long-Term Functionality
The LiDAR sensor system is intended for unobtrusive long-term measurements of
gait in home-like environments. To ensure long-term functionality and rule out drifting
behavior of sensor data, a long-term measurement was set up. In the middle of the room,
visible for all three LiDAR sensors, two pipe tubes were placed to mimic two legs. The
pipes were placed such that all three sensors had a view of both legs and the algorithm
should be able to discriminate between the two point clouds. The diameter of the pipes
was selected such that it was similar to regular legs in tight-fitting trousers. Above the
pipes, at upper-body level, a cardboard box was placed to mimic an upper body. The width
of the box was similar to the upper torso of a healthy adult. The flat surface of the box
was directed towards the UST-10LX-H01 LiDAR, placed at upper-body level. The LiDAR
sensors were left to run continuously for 12 h and the obtained data were processed, as with
the walking trials. The beginning and end of the data were trimmed to eliminate movement
artifacts. However, to analyze individual sensor behavior, the leg positions were calculated
for every sensor individually, instead of pooling the data together and obtaining more
stable estimates. In the same manner, the x- and y-coordinates of the location information
were considered individually. Location estimates were pooled together for every 15 min
window, and for each window, median and quartile values were extracted.
2.6. Data Processing
The software described in this section is publicly available [63]. An overview of the
data processing is given in Figure 2.
For the leg tracking process, there were always two data sequences acquired: a back-
ground sequence used for background removal (e.g., chairs, table) and the actual walking
sequence for gait tracking. The background sequence was usually acquired ahead of the
gait measurements when the room was empty.
Figure 2. Data processing workflow. LiDAR data were first acquired (1), then the background data points were removed
(2). Next, data from all sensors were aligned and overlaid using spatial as well as time registration (3). Then, clustering
algorithms were applied to identify body clusters which were tracked across data frames (4). Finally, gait analysis was
performed (5).
Background Removal: The background sequences contained 2000 samples, equivalent
to 50 s of recordings. The background removal step removed all static information of
the living room, i.e., the background (e.g., chairs, table), such that only moving objects
were remaining. This was accomplished by using a parametric approach, in which the
probability distribution of every radial point was modeled with Gaussian distributions. For
all points acquired, the probability of them belonging to the background was calculated.
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All points with a probability p < 0.00001 were marked as foreground, while all other points
were removed, as they belonged to the background. This method is similar to the approach
by Frenken et al. [45].
Multi-Sensor Registration: The multi-sensor registration step was performed to align
data from all four LiDAR sensors spatially and temporally. The spatial registration used
a rigid transformation to align all coordinate systems. The rigid transformation was
calculated beforehand, due to the fixed positions of the sensors. The time registration
grouped the frames with the closest associated timestamps in all sensors together. After
registration, data from all shin-level sensors were overlaid to form a single sequence of shin
scans.
Clustering: A threshold-based breakpoint detection algorithm was used on the data
obtained from the single upper-body sensor. Clusters were identified, and small clusters
(n < 5 points) were removed. The remaining largest cluster was determined to be the
upper body. Its centroid was computed to estimate the center of the body. This upper-body
estimate was used to filter out noise in the registered data from the leg-tracking sensors.
Points farther away than a 50 cm radius from the upper-body centroid were considered
noise and thus removed. The same breakpoint detection algorithm was applied to the
remaining data from the three leg-tracking sensors. Small clusters (n < 5 points) were
removed. If, after the smaller clusters were removed, two clusters remained, the k-means
algorithm was applied to obtain a cleaner clustering. The cluster centroid was computed
to estimate the true shin position. If only one cluster was left, its centroid was directly
assessed, and an estimate of the other missing leg position was computed using a particle
filter. If no clusters were left, both leg positions were estimated using a particle filter [64]. A
sequential importance resampling (SIR)-based particle filter [65] was used to estimate the
missing information. The particle propagation was based on a linear velocity model, where
the velocity corresponded to the upper-body velocity in the previous frame multiplied by
a constant in the range [0.5, 2.0].
Tracking: Leg tracking was performed to differentiate between the left leg and the
right leg in each scan. The initial assignment was carried out by comparing the angle
between the direction vector and the leg position vector referenced to the body center.
For each shin position in subsequent frames, the same label was assigned as the nearest
identified shin position in the previous frame.
Gait Analysis: In the gait analysis step, the identified shin positions and their associ-
ated timestamps were used to compute individual leg velocity profiles. A moving average
filter was used to compute smooth velocity profiles. The stance point was set at the point
with minimal velocity, the maximal swing point was the point with maximal velocity.
Based on this information, the step and stride length, step and cycle time and cadence and
overall velocity were computed. In Figure 3, the gait parameters are visualized.
2.7. Statistics
The developed LiDAR-based measurement system was compared against the gold-
standard pressure mat and wearable IMU sensors. For all comparisons between the
LiDAR-based measurement system and the pressure mat, only the seven walks performed
on the pressure mat were used for the evaluation, i.e., all walks except for the u-turn walk.
All eight walks were used for the comparison of the LiDAR sensors and the wearable
sensors. As the wearable sensors computed slightly different gait parameters than the
LiDAR-based system and the pressure mat, only matching gait parameters were compared
(e.g., step length, stride length and cycle time).
For all matching gait parameters, two-sided, paired two sample t-tests were performed.
We hypothesized that the gait parameter mean between each sensor pair was the same with
α = 0.01. Bonferroni correction was performed and adjusted p-values were reported, as
well as the mean of differences and the confidence intervals. TheH0 hypothesis was that the
two measurements were the same, and theH1 hypothesis was that the two measurements
differed in their mean.








Figure 3. Calculation of gait parameters was based on the velocity profile of the tracked legs. Standing
positions in the upper part of the figure are indicated at minimal velocity with circles in the lower
part of the figure. The peaks of the swing phase are indicated with triangles.
To check general correlation between the measurements, the Pearson correlation, r,
and the coefficient of determination, R2, were calculated for every gait parameter and every
sensor pair. Additionally, we calculated the intraclass correlation coefficient based on the
two-way agreement mixed effects model (ICC3) [66]. The root-mean-square errors (RMSE)
between the LiDAR based-measurements and the two baseline systems were calculated.
For error distribution, Bland–Altman plots were generated and inspected; results are shown
in the Appendix B.
3. Results
3.1. Demographics and Assessed Walks
A total of 25 (8 female, 17 male) healthy younger and older adults between the ages of
18 and 46 (mean age 30.5, SD 5.6) participated in this study. None of the subjects required
any walking aids in everyday life.
In our measurements, through a free walk at a self-selected speed, as well as walks
at a predefined speed, eight different walks were performed by every participant. These
covered a wide range of different gait clusters, as shown in Figure 4. The walks with a
predefined speed or step width formed tighter clusters of points, whereas the walks at self
selected speed spread over a larger range of values. The walking velocities ranged from




Figure 4. Green triangle circles in the left bottom corner mark the two walks with 30 cm step length
at 100 bpm and 120 bpm, respectively. The blue diamonds and triangles on the right side mark the
two walks with 60 cm step length at 60 bpm and 100 bpm, respectively. The orange and red markers
indicate the four free walks, where participants were able to choose both their step length as well as
walking speed individually.
Sensors 2021, 21, 6205 9 of 18
3.2. Comparison of Devices
The results from the paired sample t-tests are summarized in Table 3. In the first
block, the LiDAR sensors are compared against the pressure mat (PM). In the second
block, the LiDAR sensors are compared against the wearable sensors (WS). In the last
block, the wearable sensors are compared against the pressure mat. The adjusted p-value is
specifically marked if it fell below α = 0.01, meaning the means of the compared sets were
different. There was a significant difference between the LiDAR and the pressure mat for
stride length, with p = 0.01. Furthermore, for this gait parameter, there was a significant
difference in means between the pressure mat and the wearable sensors; meanwhile, there
was no significant difference between the LiDAR and the wearable sensors. For one
other gait parameter, cadence, the difference of means between the pressure mat and the
LiDAR sensor was significant, too. The RMSEs were slightly higher between the LiDAR
measurements and the wearable sensor, as compared to the pressure mat. Analysis of the
Bland–Altman plots in Figure A2 shows no severe asymmetry or skewed distribution.
Table 3. Descriptive statistics for the three sensor systems: LiDAR, pressure mat (PM) and wearable sensors (WS). Statistics
were computed across sensors to test for differences in the sample mean. Not all gait parameters could be calculated for all
systems. Unavailable gait parameters are indicated by a dash. The adjusted p-value is specifically marked if it fell at or
below α = 0.01.
Step Length Step Time Stride Length Cycle Time Cadence Velocity




mean −0.09 −0.00 −0.63 −0.00 8.52 −1.09
conf. int. [−0.45, 0.27] [−0.01, 0.00] [−1.04, −0.22] [−0.01, 0.01] [7.85, 9.18] [−1.66, −0.52]
adj. p-value 1 0.09 0.01 1 <0.01 0.04
RMSE 3.31 0.05 3.84 0.09 10.48 5.33
LiDAR-WS
mean −0.37 - 0.22 −0.00 - -
conf. int. [−0.97, 0.23] - [−0.47, 0.91] [−0.02, 0.01] - -
adj. p-value 0.67 - 1 1 - -
RMSE 4.93 - 5.63 0.14 - -
WS-PM
mean −0.25 - 1.00 −0.00 - -
conf. int. [−0.72, 0.22] - [0.52, 1.49] [−0.014, 0.01] - -
adj. p-value 0.74 - <0.01 1 - -
Additionally, there were high correlations (r ≥ 0.95) between the LiDAR and the
pressure mat across all gait parameters. When comparing the LiDAR sensors and the
wearable sensors, the cycle time had the lowest correlation (r = 0.91). The same holds
for the comparison of wearable sensors and the pressure mat, where the cycle time had
the lowest Pearson correlation (r = 0.94). The coefficient of determination was overall
high and only in two cases below 0.90—in both cases, the cycle time was the affected
gait parameter. The Pearson correlation and coefficient of determination are presented in
Table 4, whereas visualizations of all correlations are shown in the Appendix A in Figure A1.
The overall agreement ICC3 between all three sensors was very high (ICC3 ≥ 0.94) for all
gait parameters, except for cadence. For cadence, the consistency ICC3 was 0.95.
Sensors 2021, 21, 6205 10 of 18
Table 4. Correlation comparison of LiDAR sensors, pressure mat (PM) and wearable sensors (WS). For all three pairs of
measurements, the Pearson correlation (r) and the determination coefficient (R2) are shown. The agreement ICC3 over
all three sensors is shown in the last row. Dashes represent cases where a gait parameter could not be calculated by the
respective sensor.
Step Length Step Time Stride Length Cycle Time Velocity Cadence
LiDAR-PM r: 0.98 0.96 0.99 0.96 0.98 0.95
R2: 0.95 0.91 0.98 0.92 0.95 0.90
LiDAR-WS r: 0.95 - 0.98 0.91 - -
R2: 0.90 - 0.97 0.83 (0.91) - -
WS-PM r: 0.97 - 0.99 0.94 - -
R2: 0.94 - 0.98 0.89 (0.97) - -
LiDAR-WS-PM ICC3: 0.96 0.95 0.99 0.94 0.98 0.86 (0.95)
Besides the evaluated gait parameters, the LiDAR-based sensor system provided
insights into detailed velocity profiles, even for walking patterns that were not along a
linear path, as shown in Figure 5. In Figure 5a, an example of the u-turn walk is shown.
Every point in this Figure relates to the centroid of a point cloud, as recorded by the LiDAR
sensors, thus approximating the center of the corresponding leg. In Figure 5b, the smoothed




























Figure 5. U-turn walk at self-selected speed and step length. (a) shows the identified leg positions
during a walk. Denser areas correspond to stance phase, whereas scarcer areas correspond to swing
phase. (b) shows the velocity profiles over time. Left and right leg are indicated by colors.
3.3. Long-Term Measurement
The sampled location information over 12 h of measurement was evaluated. The
median position is relatively constant and there is no significant change over time, as
shown in Figure 6. In Figure 6, the location estimates are shown over time. The y-axis is
scaled to cover 2.5 cm in all figures, but no absolute positional information is given. The
upper-body location is shown in Figure 6a in x- and y-coordinates in the top and bottom
picture, respectively. The x- and y-coordinates of the leg positions, as estimated by the
LiDAR sensors placed at shin level, are shown in Figure 6b–d.
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Figure 6. Long-term location for every LiDAR sensor split for x- and y-direction. In (a) , data from upper body sensor is
shown, its location is denoted with blue marker in Figure 1. In (b–d), data from the leg tracking sensor are shown. Their
location is marked in Figure 1 with red markers. Top row shows x-position of upper body and legs, bottom row shows
y-position of upper body and legs. The black line indicates the median value, the red-shaded area is the 2nd and 3rd quartile.
The y-axis is scaled to 2.5 cm, with every tick indicating 5 mm. No absolute position units are given.
4. Discussion
In this work, we presented a LiDAR-based sensor system, capable of tracking clinically
relevant gait parameters such as gait velocity and step length in a home-like environment
in healthy subjects. Our results indicate that the proposed unobtrusive LiDAR-based gait
tracking system allows one to accurately assess gait parameters, as is evident by the high
to very high correlation with both comparison systems. Furthermore, the LiDAR-based
system was able to generate detailed velocity profiles for each leg. Long-term measure-
ments over more than 11 h did not give any significant indication that the measurement
drifts over time.
The general agreement between the three sensors was very high, except for stride
length and cadence. It is noteworthy that in the case of stride length, the comparison
of the LiDAR and the wearable sensor showed no significant difference in means, while
there was a significant difference in means between the wearable sensor and the pressure
mat. Nevertheless, in both cases, the Pearson correlation was very high and suggests
that different methods of calculation might have led to this discrepancy. Furthermore,
the differing offsets and/or gradients can be corrected for easily, to align the results,
if desired. For all compared gait parameters, the coefficient of determination was high,
except for two cases: when comparing the cycle time of the wearable sensor with any
of the two other sensors. This was caused by an outlier on the data obtained from the
wearable sensors.
The second main finding indicates that our sensor system is suitable for long-term
measurements in unrestricted, home-like environments. The measurement did not de-
tect any significant drift in measurement, and the assessed leg and body positions were
constant and thus reliable over time, indicating that the system was in line with previous
findings [54].
Based on these two findings, we infer that long-term measurements in natural set-
tings are feasible. This is especially important with regards to the findings by Van An-
cum et al. [28], that gait speed measured in clinical settings is not fully representative of
natural gait. Considering that gait parameters are often associated with and are important
for the assessment of geriatric diseases such as Parkinson’s disease, a gait monitoring
system installed at home or in assisted living facilities would cover a significant portion of
the day, and thus reflect the optimal gait speed.
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In comparison with the literature, the accuracy of the gait parameter measurements
was in line or even higher than previous studies using LiDAR systems [45–48]. In these past
studies, gait velocity and step length were often the only assessed parameters, whereas we
could show evidence that the system is able to measure a wide variety of gait parameters.
Whereas most studies used a marker based motion tracking system to validate their
LiDAR based gait assessment, we chose to compare our measurements to the current gold
standards used for clinical gait assessment [15]. The knowledge of how gait assessment is
performed currently and of how gait parameters obtained from these gold standards trans-
fer to the gait parameters obtained from our new system allows for the direct interpretation
of the results.
Limitations and Outlook
In this study, the system was evaluated with data from healthy subjects. Even though
a variety of different gait patterns were tested, it is not clear to what extent these results can
be transferred to patients with gait abnormalities. Therefore, as a next step, measurements
with elderly people and people with gait abnormalities should be performed. These gait
abnormalities should include limping, shuffling, freezing of gait and specifically small
steps, as is typical for people at risk of fall [30,31,37].
Another major limitation of our system is that it only allows for a single person to be
tracked. This means couples living together or visitors must be excluded in the existing
system. While adults living alone are still a key target group, especially when it comes to
falls [37], this certainly limits the range of potential applications. As has been shown in
previous work [42,43], LiDAR systems can theoretically track multiple people, so this a key
point for further development of the introduced system.
Another limitation of the proposed approach is the ability of the wearable sensor
setup to assess single and double leg support, swing time and stance time [20]. However,
through further exploitation of the detailed velocity profile and more integration of domain
knowledge, it is plausible to assume that these parameters can be estimated with the
proposed setup.
Another interesting parameter is the upper-body position, which is currently only
used for position estimation of the legs. The upper-body measurements might allow one to
extract information for posture assessment.
5. Conclusions
Consistent with our first hypothesis, our results indicate that the assessment of gait
parameters in a home-like environment based on LiDAR technology correlated highly
with the clinical gold-standard devices. Secondly, the LiDAR-based system was able
to accurately measure the selected wide spectrum of gait patterns, representing gaits
from a home-like environment, including a free walk through the room. Third, the intra-
test reliability of the assessed gait parameters indicate that the measurements did not
significantly drift or variate over time and allow for long-term measurements over days
and weeks. Thus we conclude that due to its unobtrusiveness, the LiDAR system has
high potential to assess spatial–temporal gait parameters over a prolonged time at patients’
homes or home-like environments, such as assisted living facilities.
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Appendix A. Correlation Analysis
In addition to the data given in Table 4, all correlations are visually presented in
Figure A1. Figure A1a–f visualizes the correlation of the gait parameters between the
LiDAR based system (x-axis) and the pressure mat (y-axis). Figure A1g–i compared ther
LiDAR based system (x-axis) and the wearable sensors (y-axis). In the last row, Figure A1j–l
a baseline comparison between the two reference systems is shown (i.e., the pressure mat
(x-axis) and the wearable sensor (y-axis)).
(a) Step Length (b) Step Time (c) Stride Length
Figure A1. Cont.
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(d) Cycle Time (e) Cadence (f) Velocity
(g) Step Length (h) Stride Length (i) Cycle Time
(j) Step Length (k) Stride Length (l) Cycle Time
Figure A1. Visual representation of correlations, as given in Table 4.
Appendix B. Bland-Altman Evaluation
For visual analysis of the data, the Bland-Altman plots are shown in Figure A2. Except
for cadence in Figure A2e, the mean difference between measurements was always very
close to zero. There were no strong asymmetries observable from the Bland-Altman plots.
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(a) Step Length: LiDAR - PM (b) Step Time: LiDAR - PM (c) Stride Length: LiDAR - PM
(d) Cycle Time: LiDAR - PM (e) Cadence: LiDAR - PM (f) Velocity: LiDAR - PM
(g) Step Length: LiDAR - WS (h) Stride Length: LiDAR - WS (i) Cycle Time: LiDAR - WS
Figure A2. Cont.
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(j) Step Length: PM - WS (k) Stride Length: PM - WS (l) Cycle Time: PM - WS
Figure A2. Bland-Altman plots for every gait parameter and every sensor pair.
References
1. Verghese, J.; LeValley, A.; Hall, C.B.; Katz, M.J.; Ambrose, A.F.; Lipton, R.B. Epidemiology of Gait Disorders in Community-
Residing Older Adults. J. Am. Geriatr. Soc. 2006, 54, 255–261. [CrossRef] [PubMed]
2. Morgan, D.; Funk, M.; Crossley, M.; Basran, J.; Kirk, A.; Dal Bello-Haas, V. The Potential of Gait Analysis to Contribute to
Differential Diagnosis of Early Stage Dementia: Current Research and Future Directions. Can. J. Aging 2007, 26, 19–32. [CrossRef]
[PubMed]
3. Nieuwboer, A.; Dom, R.; Weerdt, W.D.; Desloovere, K.; Fieuws, S.; Broens-Kaucsik, E. Abnormalities of the spatiotemporal
characteristics of gait at the onset of freezing in Parkinson’s disease. Mov. Disord. 2001, 16, 1066–1075. [CrossRef] [PubMed]
4. Verghese, J.; Ambrose, A.F.; Lipton, R.B.; Wang, C. Neurological Gait Abnormalities and Risk of Falls in Older Adults. J. Neurol.
2010, 257, 392–398. [CrossRef]
5. Zijlstra, W.; Hof, A.L. Assessment of spatio-temporal gait parameters from trunk accelerations during human walking. Gait
Posture 2003, 18, 1–10. [CrossRef]
6. Espy, D.D.; Yang, F.; Bhatt, T.; Pai, Y.C. Independent influence of gait speed and step length on stability and fall risk. Gait Posture
2010, 32, 378–382. [CrossRef]
7. Johansson, J.; Nordström, A.; Nordström, P. Greater Fall Risk in Elderly Women Than in Men Is Associated with Increased Gait
Variability During Multitasking. J. Am. Med. Dir. Assoc. 2016, 17, 535–540. [CrossRef]
8. Sofuwa, O.; Nieuwboer, A.; Desloovere, K.; Willems, A.M.; Chavret, F.; Jonkers, I. Quantitative Gait Analysis in Parkinson’s
Disease: Comparison with a Healthy Control Group. Arch. Phys. Med. Rehabil. 2005, 86, 1007–1013. [CrossRef]
9. Podsiadlo, D.; Richardson, S. The timed “Up & Go”: A test of basic functional mobility for frail elderly persons. J. Am. Geriatr.
Soc. 1991, 39, 142–148.
10. Berg, K.O.; Maki, B.E.; Williams, J.I.; Holliday, P.J.; Wood-Dauphinee, S.L. Clinical and laboratory measures of postural balance in
an elderly population. Arch. Phys. Med. Rehabil. 1992, 73, 1073–1080.
11. Wrisley, D.M.; Marchetti, G.F.; Kuharsky, D.K.; Whitney, S.L. Reliability, internal consistency, and validity of data obtained with
the functional gait assessment. Phys. Ther. Rehabil. 2004, 84, 906–918. [CrossRef]
12. Montero-Odasso, M.; Sarquis-Adamson, Y.; Kamkar, N.; Pieruccini-Faria, F.; Bray, N.; Cullen, S.; Mahon, J.; Titus, J.; Camicioli, R.;
Borrie, M.J.; et al. Dual-task gait speed assessments with an electronic walkway and a stopwatch in older adults. A reliability
study. Exp. Gerontol. 2020, 142, 111102. [CrossRef]
13. Riis, J.; Byrgesen, S.M.; Kragholm, K.H.; Mørch, M.M.; Melgaard, D. Validity of the GAITRite Walkway Compared to Functional
Balance Tests for Fall Risk Assessment in Geriatric Outpatients. Geriatrics 2020, 5, 77. [CrossRef]
14. GAITRite Platinum Plus Classic. Available online: https://www.gaitrite.com/ (accessed on 12 September 2021).
15. Riley, P.O.; Paylo, K.W.; Kerrigan, D.C. Mobility and Gait Assessment Technologies. In Eldercare Technology for Clinical Practitioners;
Alwan, M.; Felder, R.A., Eds.; Humana Press: Totowa, NJ, USA, 2008; pp. 33–51.
16. Kressig, R.W.; Herrmann, F.R.; Grandjean, R.; Michel, J.P.; Beauchet, O. Gait variability while dual-tasking: Fall predictor in older
inpatients? Aging Clin. Exp. Res. 2008, 20, 123–130. [CrossRef]
17. Vicon Motion Tracking. Available online: https://www.vicon.com/ (accessed on 12 September 2021).
18. Picillo, M.; Ricciardi, C.; Tepedino, M.F.; Abate, F.; Cuoco, S.; Carotenuto, I.; Erro, R.; Ricciardelli, G.; Russo, M.; Cesarelli, M.; et al.
Gait Analysis in Progressive Supranuclear Palsy Phenotypes. Front. Neurol. 2021, 12, 674495. [CrossRef]
19. Theia Markerless, Qualisys. Available online: https://www.qualisys.com/ (accessed on 12 September 2021).
20. Physilog, Gait Up. Available online: https://gaitup.com/ (accessed on 12 September 2021).
Sensors 2021, 21, 6205 17 of 18
21. Donisi, L.; Pagano, G.; Cesarelli, G.; Coccia, A.; Amitrano, F.; D’Addio, G. Benchmarking between two wearable inertial systems
for gait analysis based on a different sensor placement using several statistical approaches. Measurement 2021, 173, 108642.
[CrossRef]
22. Celik, Y.; Stuart, S.; Woo, W.L.; Godfrey, A. Gait analysis in neurological populations: Progression in the use of wearables. Med.
Eng. Phys. 2021, 87, 9–29. [CrossRef] [PubMed]
23. Schütz, N.; Saner, H.; Rudin, B.; Botros, A.; Pais, B.; Santschi, V.; Buluschek, P.; Gatica-Perez, D.; Urwyler, P.; Marchal-Crespo, L.;
et al. Validity of pervasive computing based continuous physical activity assessment in community-dwelling old and oldest-old.
Sci. Rep. 2019, 9, 9662. [CrossRef] [PubMed]
24. Botia, J.A.; Villa, A.; Palma, J. Ambient Assisted Living system for in-home monitoring of healthy independent elders. Expert
Syst. Appl. 2012, 39, 8136–8148. [CrossRef]
25. Riikonen, M.; Mäkelä, K.; Perälä, S. Safety and monitoring technologies for the homes of people with dementia. Gerontechnology
2010, 9, 32–45. [CrossRef]
26. Rantz, M.; Lane, K.; Phillips, L.J.; Despins, L.A.; Galambos, C.; Alexander, G.L.; Koopman, R.J.; Hicks, L.; Skubic, M.; Miller, S.J.
Enhanced registered nurse care coordination with sensor technology: Impact on length of stay and cost in aging in place housing.
Nurs. Outlook 2015, 63, 650–655. [CrossRef]
27. Klemets, J.; Määttälä, J.; Hakala, I. Integration of an in-home monitoring system into home care nurses’ workflow: A case study.
Int. J. Med. Inform. 2019, 123, 29–36. [CrossRef]
28. Van Ancum, J.M.; van Schooten, K.S.; Jonkman, N.H.; Huijben, B.; Van Lummel, R.C.; Meskers, C.G.; Maier, A.B.; Pijnappels, M.
Gait speed assessed by a 4-m walk test is not representative of daily-life gait speed in community-dwelling adults. Maturitas
2019, 121, 28–34. [CrossRef]
29. Rubenstein, L.Z.; Josephson, K.R. The epidemiology of falls and syncope. Clin. Geriatr. Med. 2002, 18, 141–158. [CrossRef]
30. Bloem, B.R.; Hausdorff, J.M.; Visser, J.E.; Giladi, N. Falls and freezing of gait in Parkinson’s disease: A review of two intercon-
nected, episodic phenomena. Mov. Disord. 2004, 19, 871–884. [CrossRef] [PubMed]
31. Tinetti, M.E.; Baker, D.I.; McAvay, G.; Claus, E.B.; Garrett, P.; Gottschalk, M.; Koch, M.L.; Trainor, K.; Horwitz, R.I. A Multifactorial
Intervention to Reduce the Risk of Falling among Elderly People Living in the Community. N. Engl. J. Med. 1994, 331, 821–827.
[CrossRef] [PubMed]
32. Scheurer, S.; Koch, J.; Kucera, M.; Bryn, H.; Bärtschi, M.; Meerstetter, T.; Nef, T.; Urwyler, P. Optimization and Technical Validation
of the AIDE-MOI Fall Detection Algorithm in a Real-Life Setting with Older Adults. Sensors 2019, 19, 1357. [CrossRef] [PubMed]
33. Ganz, D.A.; Bao, Y.; Shekelle, P.G.; Rubenstein, L.Z. Will My Patient Fall? JAMA 2007, 297, 77–86. [CrossRef] [PubMed]
34. Botros, A.; Schütz, N.; Camenzind, M.; Urwyler, P.; Bolliger, D.; Vanbellingen, T.; Kistler, R.; Bohlhalter, S.; Müri, R.M.; Mosimann,
U.P.; Nef, T. Long-Term Home-Monitoring Sensor Technology in Patients with Parkinson’s Disease-Acceptance and Adherence.
Sensors 2019, 19, 5169. [CrossRef]
35. Mathie, M.J.; Coster, A.C.F.; Lovell, N.H. A pilot study of long-term monitoring of human movements in the home using
accelerometry. J. Telemed. Telecare 2004, 10, 144–151. [CrossRef] [PubMed]
36. Khandelwal, S.; Wickström, N. Gait Event Detection in Real-World Environment for Long-Term Applications: Incorporating
Domain Knowledge Into Time-Frequency Analysis. IEEE Trans. Neural Syst. Rehabil. Eng. 2016, 24, 1363–1372. [CrossRef]
[PubMed]
37. Bongue, B.; Dupré, C.; Beauchet, O.; Rossat, A.; Fantino, B.; Colvez, A. A screening tool with five risk factors was developed for
fall-risk prediction in community-dwelling elderly. J. Clin. Epidemiol. 2011, 64, 1152–1160. [CrossRef]
38. Piau, A.; Mattek, N.; Crissey, R.; Beattie, Z.; Dodge, H.; Kaye, J. When will my patient fall? Sensor-based in-home walking speed
identifies future falls in older adults. J. Gerontol. Ser. A 2020, 75, 968–973. [CrossRef]
39. Li, C.; Lee, C.F.; Xu, S. Stigma Threat in Design for Older Adults. Int. J. Des. 2020, 14, 14.
40. Muresan, M.P.; Nedevschi, S. Multimodal sparse LIDAR object tracking in clutter. In Proceedings of the 2018 IEEE 14th
International Conference on Intelligent Computer Communication and Processing (ICCP), Cluj-Napoca, Romania, 6–8 September
2018; pp. 215–221. [CrossRef]
41. White, S.A.; Parrish, C.E.; Calder, B.R.; Pe’eri, S.; Rzhanov, Y. Lidar-derived national shoreline: Empirical and stochastic
uncertainty analyses. J. Coast. Res. 2011, 62, 62–74. [CrossRef]
42. Fudickar, S.; Stolle, C.; Volkening, N.; Hein, A. Scanning Laser Rangefinders for the Unobtrusive Monitoring of Gait Parameters
in Unsupervised Settings. Sensors 2018, 18, 3424. [CrossRef]
43. Gálai, B.; Benedek, C. Feature selection for Lidar-based gait recognition. In Proceedings of the 2015 International Workshop on
Computational Intelligence for Multimedia Understanding (IWCIM), Prague, Czech Republic, 29–30 October 2015; pp. 1–5.
44. Benedek, C.; Gálai, B.; Nagy, B.; Jankó, Z. Lidar-Based Gait Analysis and Activity Recognition in a 4D Surveillance System. IEEE
Trans. Circuits Syst. Video Technol. 2018, 28, 101–113. [CrossRef]
45. Frenken, T.; Gövercin, M.; Mersmann, S.; Hein, I.A. Precise assessment of self-selected gait velocity in domestic environments. In
Proceedings of the 2010 4th International Conference on Pervasive Computing Technologies for Healthcare, Munich, Germany,
22–25 March 2010; pp. 1–8.
46. Yorozu, A.; Takahashi, M. Development of gait measurement robot using laser range sensor for evaluating long-distance walking
ability in the elderly. In Proceedings of the 2015 IEEE/RSJ International Conference on Intelligent Robots and Systems (IROS),
Hamburg, Germany, 28 September–2 October 2015; pp. 4888–4893.
Sensors 2021, 21, 6205 18 of 18
47. Yoon, S.; Jung, H.W.; Jung, H.; Kim, K.; Hong, S.K.; Roh, H.; Oh, B.M. Development and validation of 2D-LiDAR-based gait
analysis instrument and algorithm. Sensors 2021, 21, 414. [CrossRef] [PubMed]
48. Duong, H.T.; Suh, Y.S. Human Gait Tracking for Normal People and Walker Users Using a 2D LiDAR. IEEE Sens. J. 2020,
20, 6191–6199. [CrossRef]
49. Pistacchi, M.; Gioulis, M.; Sanson, F.; De Giovannini, E.; Filippi, G.; Rossetto, F.; Marsala, S.Z. Gait analysis and clinical correlations
in early Parkinson’s disease. Funct. Neurol. 2017, 32, 28–34. [CrossRef]
50. Baltadjieva, R.; Giladi, N.; Gruendlinger, L.; Peretz, C.; Hausdorff, J.M. Marked alterations in the gait timing and rhythmicity of
patients with de novo Parkinson’s disease. Eur. J. Neurosci. 2006, 24, 1815–1820. [CrossRef]
51. Faul, F.; Erdfelder, E.; Lang, A.G.; Buchner, A. G*Power 3: A flexible statistical power analysis program for the social, behavioral,
and biomedical sciences. Behav. Res. Methods 2007, 39, 175–191. [CrossRef]
52. Schindler, K.A.; Nef, T.; Baud, M.O.; Tzovara, A.; Yilmaz, G.; Tinkhauser, G.; Gerber, S.M.; Gnarra, O.; Warncke, J.D.; Schütz, N.;
et al. NeuroTec Sitem-Insel Bern: Closing the Last Mile in Neurology. Clin. Transl. Neurosci. 2021, 5, 13. [CrossRef]
53. Cleland, B.T.; Arshad, H.; Madhavan, S. Concurrent validity of the GAITRite electronic walkway and the 10-m walk test for
measurement of walking speed after stroke. Gait Posture 2019, 68, 458–460. [CrossRef]
54. Van Uden, C.J.; Besser, M.P. Test-retest reliability of temporal and spatial gait characteristics measured with an instrumented
walkway system (GAITRite R©). BMC Musculoskelet. Disord. 2004, 5, 1–4. [CrossRef]
55. Gordon, C.C.; Churchill, T.; Clauser, C.E.; Bradtmiller, B.; McConville, J.T.; Tebbetts, I.; Walker, R.A. 1988 Anthropometric Survey of
U.S. Army Personnel: Summary Statistics Interim Report; Technical Report NATICK/TR-89/027; U.S. Army Natick RD&E Center:
Natick, MA, USA, 1989.
56. Dadashi, F.; Mariani, B.; Rochat, S.; Büla, C.J.; Santos-Eggimann, B.; Aminian, K. Gait and Foot Clearance Parameters Obtained
Using Shoe-Worn Inertial Sensors in a Large-Population Sample of Older Adults. Sensors 2014, 14, 443–457. [CrossRef]
57. Verghese, J.; Holtzer, R.; Lipton, R.B.; Wang, C. Quantitative Gait Markers and Incident Fall Risk in Older Adults. J. Gerontol. Ser.
A 2009, 64A, 896–901. [CrossRef] [PubMed]
58. McGough, E.L.; Logsdon, R.G.; Kelly, V.E.; Teri, L. Functional Mobility Limitations and Falls in Assisted Living Residents With
Dementia: Physical Performance Assessment and Quantitative Gait Analysis. J. Geriatr. Phys. Ther. 2013, 36, 78–86. [CrossRef]
[PubMed]
59. Roiz, R.d.M.; Cacho, E.W.A.; Pazinatto, M.M.; Reis, J.G.; Cliquet, A., Jr.; Barasnevicius-Quagliato, E.M.A. Gait analysis comparing
Parkinson’s disease with healthy elderly subjects. Arq. Neuro-Psiquiatr. 2010, 68, 81–86. [CrossRef] [PubMed]
60. Greene, B.R.; O’Donovan, A.; Romero-Ortuno, R.; Cogan, L.; Scanaill, C.N.; Kenny, R.A. Quantitative Falls Risk Assessment
Using the Timed Up and Go Test. IEEE Trans. Biomed. Eng. 2010, 57, 2918–2926. [CrossRef] [PubMed]
61. Cullen, S.; Montero-Odasso, M.; Bherer, L.; Almeida, Q.; Fraser, S.; Muir-Hunter, S.; Li, K.; Liu-Ambrose, T.; McGibbon, C.A.;
McIlroy, W.; et al. Guidelines for Gait Assessments in the Canadian Consortium on Neurodegeneration in Aging (CCNA). Can.
Geriatr. J. 2018, 21, 157–165. [CrossRef] [PubMed]
62. Kozakai, R.; Tsuzuku, S.; Yabe, K.; Ando, F.; Niino, N.; Shimokata, H. Age-Related Changes in Gait Velocity and Leg Extension
Power in Middle-Aged and Elderly People. J. Epidemiol. 2000, 10, 77–81._77. [CrossRef]
63. Gyger, N.; Botros, A.; Single, M. Available online: https://gitlab.com/artorg-ger/lidar-gait-analysis/ (accessed on
15 March 2021).
64. Del Moral, P. Nonlinear filtering: Interacting particle resolution. Comptes Rendus De L’Académie Des Sci.-Ser. I-Math. 1997,
325, 653–658. [CrossRef]
65. Arulampalam, M.; Maskell, S.; Gordon, N.; Clapp, T. A tutorial on particle filters for online nonlinear/non-Gaussian Bayesian
tracking. IEEE Trans. Signal Process. 2002, 50, 174–188. [CrossRef]
66. Koch, G. Intraclass correlation coefficient. In Encyclopedia of Statistical Sciences; John Wiley & Sons: New York, NY, USA, 1982;
Volume 4, pp. 213–217, ISBN 0471743801.
